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Abstract 7 
Using global station-based observations of precipitation, near-surface air temperature (SAT), 8 
and dew point temperature (DPT), we show that the negative scaling relationship found 9 
between extreme daily precipitation and SAT over the tropics is associated with the low 10 
seasonality in temperature. When using a binning technique (BT) or quantile regression (QR) 11 
not accounting for seasonality in temperature, this produces a negative scaling for the 12 
majority of stations in the tropics, with higher temperatures producing smaller precipitation 13 
extremes. After removing temperature seasonality, we find that most locations show a 14 
positive (median 5.2%/K) scaling with SAT and 96% of global locations exhibit positive 15 
(median 6.1%/K) scaling with DPT. Moreover, about 33% (22%) of locations show super C-16 
C scaling (higher than 7%/K) with DPT (SAT). Our results show that the impact of warming 17 
on extreme precipitation (especially over the tropics) may be higher than previously thought.      18 
 19 
1 Introduction: 20 
Under a warming climate, observations show an increase in extreme precipitation events, 21 
which often result in flooding [Fischer & Knutti, 2016; Groisman et al., 2005; O’Gorman, 22 
2015; Wang et al., 2017]. Precipitation extremes are projected to further increase in the future 23 
in response to a warming climate [Kharin et al., 2013; Tebaldi et al., 2006; Mukherjee et al. 24 
2018]. Commonly, the relationship between extreme precipitation and temperature (referred 25 
to as scaling hereafter) is used to understand these projected changes in precipitation 26 
extremes [Blenkinsop et al., 2018]. The Clausius-Clapeyron (C-C) relationship provides a 27 
physical basis with which to quantify the increase in precipitation extremes in response to 28 
warming. According to C-C scaling, the atmospheric moisture holding capacity increases at 29 
about 7%/K rise in air temperature given other atmospheric conditions remain constant 30 
[Lenderink  & Meijgaard, 2008; 2010]. However, the scaling rate can be affected by both the 31 
duration and type of extreme precipitation [Panthou et al., 2014; Molnar et al., 2015], the 32 
temperature range [Westra et al., 2014], seasonality [Berg et al., 2009], and geographical 33 
location [Wasko et al., 2016]. Therefore, the rate of change of extreme precipitation and their 34 
response mechanisms remain debatable [Wasko et al., 2015; Lenderink et al., 2018]. 35 
Scaling rates have been established between precipitation and various measures of 36 
temperature (surface air temperature (SAT), dew point temperature (DPT), and tropospheric 37 
air temperature) [Ali et al. 2017; Lenderink & Van Meijgaard, 2010; Mishra et al., 2012]. 38 
Most commonly, local SAT has been used to establish a relationship with extreme 39 
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precipitation [ e.g. Hardwick Jones et al., 2010; Vittal et al., 2016], producing negative 40 
scaling rates in tropical regions, which have been attributed to variations in humidity and soil 41 
conditions at higher temperatures [Bao et al., 2017; Lenderink et al., 2011; Trenberth & Shea, 42 
2005; Lenderink et al., 2018]. Similarly, diurnal variations in SAT in response to monsoon 43 
(June to September) precipitation in India and other tropical regions may shift extreme 44 
precipitation events to lower temperature bins due to local cooling effects [Bao et al., 2017; 45 
Wang et al., 2017; Ali  and Mishra, 2017, 2018a] or due to most precipitation extremes 46 
resulting from cold low pressure systems and resulting drier conditions (and lower relative 47 
humidity) at higher SATs [Barbero et al. 2018; Lenderink et al. 2018]. Since moisture 48 
availability becomes the dominant driver of extreme precipitation at higher temperatures, a 49 
number of studies have suggested that dewpoint temperature (DPT) can be used as a scaling 50 
variable to overcome humidity limitations [Ali & Mishra, 2017; Lenderink & Van Meijgaard, 51 
2010; Trenberth et al., 2003; Lenderink et al. 2018; Barbero et al., 2018]. Despite this, studies 52 
using DPT as a scaling variable have so far been performed in only a limited number of 53 
regions due to a lack of DPT observations [e.g. Ali & Mishra, 2018a; Lenderink & Van 54 
Meijgaard, 2010; Lenderink et al., 2011; Panthou et al., 2014; Park & Min, 2017; Wasko et 55 
al., 2018; Barbero et al., 2018].   56 
Other than the influence of temperature, different methods can also affect scaling magnitudes. 57 
Scaling is generally estimated using conditional quantiles, either by grouping precipitation 58 
extremes into different temperature bins (binning technique; BT hereafter) [e.g. Lenderink et 59 
al., 2011; Mishra et al., 2012; Vittal et al., 2016] or by using a variant of BT, based on 60 
quantile regression (QR) [Ali & Mishra, 2017; Wasko & Sharma, 2014]. Most of the methods 61 
use daily mean temperature (SAT/DPT) on the day of occurrence of the extreme precipitation 62 
and are therefore not suitable for projecting long-term changes in precipitation extremes [Bao 63 
et al., 2017; Wang et al., 2017; Zhang et al., 2017]. For instance, conditioning extreme 64 
precipitation on daily mean temperature does not consider seasonality in air temperature 65 
[Zhang et al., 2017]. Moreover, BT or QR methods ignore seasonal changes in weather 66 
patterns and large-scale circulation [Zhang et al., 2017]. Therefore, Zhang et al. [2017] argue 67 
that conditioning extreme precipitation on seasonal SAT/DPT [Zhang et al., [2017] method; 68 
ZM hereafter) provides a better method to estimate the scaling [Mukherjee et al., 2018; 69 
Zhang et al., 2017].  70 
Scaling rates can vary in different climatic regions based on the selection of temperature 71 
(SAT or DPT) or method (BT, QR, or ZM). Notwithstanding the contrasting response of 72 
precipitation extremes to SAT and DPT and uncertainty in the scaling in different climatic 73 
regions, differences in the scaling relationship of extreme precipitation with SAT and DPT 74 
remains unexplored at the global scale. Moreover, it remains unclear if the different methods 75 
previously used to estimate the scaling relationship provide consistent and robust scaling 76 
across the numerous climatic regions in the world. Here, we provide an observational 77 
assessment of the relationship between daily extreme precipitation and SAT/DPT at the 78 
global scale using three different methods (BT, QR, and ZM) using the Global Summary of 79 
the Day (GSOD) data.  80 
2 Data and Methods: 81 
We obtained daily precipitation observations for 13203 stations from the GSOD for 1929-82 
2017. The daily GSOD precipitation data are obtained from the hourly observations 83 
contained in the Integrated Surface Hourly (ISH) dataset (DSI-3505) and accessible from the 84 
National Oceanic and Atmospheric Administration (NOAA) website (ftp://ftp.ncdc.noaa.gov 85 
/pub/data/gsod/). We removed days that had accumulated precipitation for less than 24 hours. 86 
Confidential manuscript submitted to Geophysical Research Letters 
 
 
3 
 
Furthermore, we considered only those locations that have at least 12 years of data with less 87 
than 5% missing data for any one year during the period of 1929-2015 (Supplemental Fig. 88 
S1). Since our aim was to establish the relationship between precipitation extremes and 89 
temperature, the year-to-year continuity in precipitation record was not a concern. Therefore, 90 
after applying the quality check procedure, we finally considered 6903 stations in different 91 
climatic zones (tropical (12% of 6903 stations), dry (4%), temperate (43%), continental 92 
(37%), and polar (4%)), based on the Koppen-Geiger climate classification (Kottek et al., 93 
2006; Supplemental Fig. S2). Similarly, daily mean surface air temperature (SAT) and daily 94 
mean dewpoint temperature (DPT) were obtained from the GSOD for the same 6903 95 
locations. 96 
We used three different methods for estimating scaling: a) binning technique (BT), b) 97 
quantile regression (QR), and c) Zhang et al. [2017] method (ZM). To apply BT, we first 98 
extracted precipitation events (precipitation >= 1mm) for all days in a year and their 99 
corresponding SAT (DPT) for each station. Then, the data were placed into 20 bins of equal 100 
width (based on SAT/DPT) sorted from the lowest to highest temperature. We then estimated 101 
the 95th percentile of precipitation (P95) and mean SAT/DPT for each temperature bin. We 102 
fitted a linear regression on the logarithm of P95 and mean SAT/DPT. Finally, the change 103 
(%) in P95 with respect to the change in SAT/DPT (dP95%/K; scaling) was obtained using 104 
the regression equation between the lowest mean SAT/DPT of the first bin and the highest 105 
SAT/DPT where the maximum of P95 occurred. Hardwick Jones et al. [2010] and Wasko et 106 
al. [2018] used BT for estimating scaling in Australia, Lenderink & van Meijgaard [2008] in 107 
central Europe, Mishra et al. [2012] in North America, Park & Min [2017] in South Korea, 108 
Blenkinsop et al. [2015] in United Kingdom, and Ali & Mishra [2017] in India. 109 
We applied QR for a set of pairs ( , )i iT P of precipitation (P > = 1mm) and corresponding 110 
SAT/DPT for 1,2,....,i n , the quantile regression for a given percentile (95th percentile in our 111 
study) is denoted as 112 
                                                     0 1log( )i iP T                                         (1) 113 
Where iP is precipitation, iT is the corresponding SAT/DPT, and n is the length of 114 
precipitation-temperature (SAT/DPT) time series. The scaling (dP95%/K) is estimated using 115 
the exponential transformation of the regression coefficient 1  given by 116 
                                              
195(%) / 100.( 1)dP K e                                (2) 117 
While there are other methods available like censored quantile verification skill score [Shastri 118 
et al., 2017] to evaluate the goodness of fit of QR, we used pseudo R2 test [Koenkar & 119 
Machado, 1999] that has been widely used in the previous studies [e.g. Ali & Mishra, 2017]. 120 
QR has been used to study the relationship of extreme precipitation and temperature by 121 
Wasko & Sharma [2014] (Australia), Tan & Shao [2017] (China), Ali & Mishra [2017] 122 
(India), and Wasko et al. [2016] (globally).  123 
The scaling shows the change in extreme precipitation as a function of the increase in 124 
temperature (SAT/DPT). However, the temperature (SAT and DPT) increase can be 125 
dominated by seasonal trend. Zhang et al. [2017] addressed this limitation in BT and QR by 126 
removing the seasonality from the temperature data. To apply the ZM method, we estimated 127 
the maximum precipitation amount for the top four precipitation months (which receive the 128 
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highest precipitation in a year). The estimated precipitation amount was then normalized by 129 
the median of maximum daily precipitation (for these top four months). Then we estimated 130 
the anomalies of SAT/DPT for the same four month period. Finally, we fitted a Generalized 131 
Extreme Value distribution (GEV) to the normalized maximum daily precipitation with the 132 
corresponding SAT/DPT anomalies as a covariate in the location parameter to estimate 133 
scaling. We used the following equations to estimate the parameters 0 1( , , , ; , )x t    of GEV 134 
distribution: 135 
1/
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Where ix is normalized maximum daily precipitation, t is SAT/DPT anomalies, n is the 138 
duration of time series (in years),  is the scale parameter,   is the shape parameter and 139 
location parameter is given by 0 1( )t t    . Once all the parameters are known the return 140 
levels can be estimated using the equation (4): 141 
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Where T is the time period (2-year in our study). Then the scaling was estimated as the 143 
change in the return level (corresponding to each normalized maximum daily precipitation) 144 
with the change in SAT/DPT anomaly. This seasonality removal can be helpful in estimating 145 
robust scaling rates.  146 
3 Results and Discussion 147 
Scaling of precipitation extremes with SAT/DPT using the binning technique (BT) 148 
We start our analysis by estimating the scaling of daily extreme precipitation with SAT and 149 
DPT using BT (Fig. 1). We find that 70.4 % of the 6903 locations show a positive scaling 150 
with SAT, which varies up to 10%/K (median 2.8%/K). The rest of the locations (29.6%) 151 
show a negative scaling (median -3.1%/K) that varies up to -9%/K (Fig. 1a). We find that a 152 
majority of the stations showing negative scaling are located in the tropical region. However, 153 
stations in the extra-tropics show largely positive scaling.  About 8% of locations in Europe 154 
and Russia exhibit super C-C scaling (>7%/K). In contrast to SAT, extreme precipitation 155 
shows a positive (median 4.8%/K) scaling with DPT at most locations (around 91%) and 156 
super C-C scaling at 26% of locations (Fig. 1b). Our results show that only about 8.5% of 157 
locations in the tropical region (+8° to -10° latitude) exhibit negative (median -1.7%/K) 158 
scaling with DPT as compared to scaling (median -3.2%/K) with SAT. The temperate and 159 
continental climate zones, which account for the majority of the locations (43% and 37% 160 
respectively, of the total 6903 stations), show a positive scaling with SAT and DPT for most 161 
locations (80%) (Fig. 1c, d).  Our results based on a global analysis reveal significant 162 
differences in scaling with SAT and DPT for tropical and dry climate zones.  For instance, in 163 
the tropics (which include around 12% of total stations), 96% of stations show negative 164 
scaling with SAT while only 40% of stations show negative scaling with DPT when 165 
estimated using BT.  166 
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The role of relative humidity is generally neglected when estimating the relationship between 167 
precipitation extremes and SAT [Hardwick Jones et al., 2010; Mishra et al., 2012; Vittal et 168 
al., 2016]. Under a warming climate, the changes in SAT and DPT may not be equal. For 169 
instance, Lenderink et al. [2011] reported 50% smaller variation in DPT than SAT over 170 
Europe. However, Lenderink & Attema [2015] reported  similar changes in SAT and DPT. 171 
Lenderink et al. [2011; 2018] argued that changes in DPT are a more robust indicator of 172 
changes in extreme precipitation than that of SAT. This has also proven true for convection-173 
permitting modelling results over the UK in Chan et al. [2016]. Our results here show a 174 
significant difference in scaling with SAT and DPT using the BT method for both tropical 175 
and dry climatic zones. These contrasting results for SAT and DPT are consistent with the 176 
findings of previous studies conducted at the regional scale [e.g. Ali et al., 2017 (India); 177 
Lenderink & Meijgaard, 2010 (Netherlands); Lenderink et al., 2011 (Hong Kong); Wasko et 178 
al., 2018; Barbero et al., 2018 (Australia)]. Ali & Mishra [2017] reported a positive (negative) 179 
scaling with DPT (SAT) at urban locations in India. Similarly, Barbero et al. [2018] and 180 
Wasko et al. [2018] found a positive scaling with DPT at locations in tropical north Australia 181 
in contrast to the negative scaling found with SAT in Bao et al. [2017]. Furthermore, 182 
Lenderink et al. [2011] found different scaling results for DPT and SAT in Hong Kong, 183 
where relative humidity decreases at high temperatures.  Our results, based on a global 184 
analysis, highlight that the scaling becomes more consistent over space by including an 185 
estimate of humidity (through DPT) as a scaling variable instead of SAT; also identified by 186 
Wasko et al. [2018] over Australia.   187 
 188 
Scaling of precipitation extremes with SAT/DPT using quantile regression (QR) 189 
Next, we estimate the scaling of extreme precipitation with SAT and DPT using the QR 190 
method (Fig. 2). Our results indicate that QR produces higher scaling rates than BT. For 191 
instance, 87% of global locations show positive (median 5.1%/K) scaling with SAT and 7% 192 
of locations exhibit super C-C scaling (Fig. 2a). Only 13% of locations show negative 193 
(median -4.7%/K) scaling with SAT, with most of these in the tropical zone (Fig. 2a). Scaling 194 
between daily precipitation extremes and DPT estimated using QR is positive (median 195 
6.3%/K) at most locations (96%) and negative (median -4.1 %/K) at only 4% of stations (Fig. 196 
2b). Moreover, 28% of locations show super C-C scaling with DPT (median 8.1%/K) 197 
estimated by QR.  All climate zones except the tropical and dry zone exhibit a positive 198 
scaling with SAT and DPT for 100% of the locations estimated using QR (Fig. 2c, d). 199 
Moreover, these show super C-C scaling with DPT at around 30% of locations (Fig. 2d). We 200 
find that median R2 values obtained using pseudo R2 test in fitting QR for SAT/DPT is 201 
greater than 0.7 for all the climatic zones (Table S2) indicating the effectiveness of QR 202 
method. Our results show similar scaling with SAT (negative) and DPT (positive) in the 203 
tropical climate zone using BT and QR methods.  204 
Our main conclusion is that scaling obtained from QR is higher (more positive) than using 205 
BT. This difference can be explained by examining some of the methodological differences. 206 
The scaling using BT is estimated up to the temperature where the peak intensity of the 95th 207 
percentile of precipitation occurs (thus before any negative scaling most likely associated 208 
with lower relative humidity at high temperatures) whereas in QR the scaling is estimated up 209 
to the maximum temperature therefore including all data [Ali & Mishra, 2017]. Moreover, 210 
using BT requires assumptions in bin size and total number of bins, which may alter the 211 
scaling results [Wasko & Sharma, 2014]. However, we find similar scaling results using BT 212 
and QR for the tropical climate zone.  213 
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Scaling of precipitation extremes with SAT/DPT using ZM 214 
We further estimate the scaling of extreme precipitation from GSOD with SAT/DPT using 215 
the ZM method (Fig. 3). Using this method, only 8.7% of locations show negative (median -216 
2.5%/K) scaling with SAT (Fig. 3a) in comparison to 29.4% for BT and 13% for QR. 217 
Moreover, the majority of locations show positive (median 5.2%/K) scaling with SAT, with 218 
22% of locations exhibiting super C-C scaling (median 8.9%/K) (Fig. 3a). We obtain 219 
relatively higher scaling results with DPT using the ZM method as compared to using the QR 220 
and/or BT methods: 95.5% of locations show positive (median 6.1%/K) scaling, with 33% of 221 
locations showing super C-C scaling (median 8.8%/K) (Fig. 3b). The scaling rates with SAT 222 
using ZM in the tropics are significantly different from the scaling rates obtained using BT 223 
and/or QR (Fig. 3c). For example, the scaling of precipitation extremes with SAT is negative 224 
(median ~-6%/K) at 96% locations using BT in the tropical climate zone, while 87% 225 
locations show negative scaling using QR. In contrast, positive scaling (median ~6%/K) is 226 
exhibited at 97% of stations located in the tropical zone when we apply the ZM method (Fig. 227 
3).  228 
 229 
We compared median scaling for all the climatic zones estimated using SAT/DPT and the 230 
three methods (Fig. 4). The median scaling using SAT is lesser than the scaling obtained 231 
using DPT for all the three methods for most of the climatic zones (Fig. 4). We find that the 232 
tropical region exhibits higher variability (based on error bars) in the scaling with SAT and 233 
DPT than the other regions in all the three methods. The higher scaling estimates obtained 234 
using ZM in comparison to the BT and QR can be partly associated with the extreme 235 
precipitation used in the scaling. For instance,  the ZM approximates the more extreme 236 
percentile (maximum daily precipitation) in comparison to 95th percentile used in the BT and 237 
QR methods; therefore, the ZM may provide higher estimates of the scaling rates as 238 
compared to the BT and QR. Overall, we find that the removal of seasonality (in ZM) plays 239 
an important role in the scaling estimates using SAT and DPT. 240 
 241 
The difference in scaling resulting from the three methods (BT, QR and ZM) can also be 242 
attributed to the limitations in the BT and QR methods, explained by seasonal variations of 243 
extreme precipitation, variations in relative humidity and the effects on apparent scaling [Bao 244 
et al., 2017; Lenderink et al., 2018]. For regions that receive extreme precipitation throughout 245 
the year, the events in cooler bins are mainly in winter and those in warmer bins occur during 246 
summer. In this case, the seasonal variability in precipitation extremes dominates the 247 
apparent scaling and this provides relatively accurate estimates of scaling [Bao et al., 2017]. 248 
However, we obtain contrasting results using these methods in regions like the Tropics where 249 
seasonal temperature variations in SAT and DPT is low (Fig. S3). Here, as a result of 250 
synoptic atmospheric properties (cooler air in low-pressure systems) [Barbero et al., 2018] 251 
and/or evaporative cooling from precipitation [Bao et al., 2018], near-surface air becomes 252 
cooler during the precipitation event than on days before and after the precipitation [Ali et al., 253 
2017; Kullgren et al., 2006; Sherwood & Wahrlich, 1999]. This surface air cooling means 254 
that extreme precipitation events in the Tropics occur in lower (cooler) temperature bins and 255 
the warmer bins (with lower relative humidity) have fewer and less intense precipitation 256 
events, resulting in a negative apparent scaling [Bao et al., 2017; Wang et al., 2017]. There is 257 
still much debate in the literature [see Bao et al., 2017; 2018; Barbero et al., 2018; Lenderink 258 
et al., 2018] as to whether this effect is caused by a shift to lower bins caused by evaporative 259 
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cooling or simply as a result of tropical precipitation extremes being associated with colder 260 
air masses and thus SATs [Trenberth & Shea, 2005; Wasko et al., 2015]. These methods do 261 
not only reflect the role of surface air properties on extreme precipitation but also include the 262 
role of atmospheric conditions that affect surface properties during extreme precipitation 263 
[Bao et al., 2017; Waliser & Graham, 1993]. In contrast, using ZM produces positive scaling 264 
with SAT for the majority of locations where negative scaling is found using BT and/or QR. 265 
Therefore, we conclude that the ZM method is able to overcome seasonal and sub-seasonal 266 
changes in temperature and weather patterns and give robust scaling rates. 267 
We note that the relationship between precipitation and temperature over the Tropics remains 268 
uncertain [Hardwick Jones et al., 2010; Utsumi et al., 2011; Vittal et al., 2016]. Here, we 269 
examine the relationship between extreme precipitation, SAT and DPT using the BT, QR and 270 
ZM methods. The scaling with SAT for the three methods shows a starkly contrasting 271 
response for the Tropics with the BT and QR methods giving negative scaling with SAT at 272 
most stations, while ZM gives positive scaling at most locations. This negative scaling with 273 
SAT using BT and QR may be due to the cooling artifact identified by Bao et al. [2017] or 274 
due to humidity effects [Lenderink et al., 2018]. Moreover, Trenberth and Shea [2005] 275 
reported that higher SAT is associated with days of less rain. Moreover, the conditional 276 
quantile methods (BT and QR) may result in false scaling estimates due to negative apparent 277 
cooling [Wang et al., 2017] and the effects of seasonality in temperature [Zhang et al., 2017]. 278 
The ZM method removes the seasonality of temperature and exhibits positive scaling at the 279 
majority of stations across all climate zones. We, therefore, emphasize that seasonality in 280 
temperature may be responsible for most uncertainty in scaling results when using both SAT 281 
and DPT. 282 
 283 
Conclusions 284 
Based on our findings the following conclusions can be made: 285 
1) Dew point temperature (DPT) gives more consistent positive scaling rates as compared to 286 
near surface air temperature (SAT). We find contrasting scaling results with SAT and DPT 287 
using the binning technique (BT) and quantile regression (QR), especially over the Tropics. 288 
About 29.6% and 13% of the total stations show a negative scaling with SAT using BT and 289 
QR, respectively, and a majority of them are located in the Tropics. Since DPT is a direct 290 
measure of near-surface humidity, it may be considered a better scaling variable (than SAT) 291 
for understanding changes in daily extreme precipitation under a warming climate.  292 
2) After removing seasonality in temperature, most (~96%) locations show positive (median 293 
6.1%/K) scaling with DPT, while 33% of locations show super C-C scaling (median 294 
8.8%/K). This is also the case for SAT, with the majority of locations showing positive 295 
(median 5.2%/K) scaling and 22% locations showing super C-C scaling (median 8.9%/K). 296 
3) The negative scaling between precipitation extremes and the corresponding day’s SAT 297 
(especially in the Tropics) when using conditional quantile methods (BT and/or QR) is 298 
associated with seasonality. We obtained consistent positive scaling results with SAT and 299 
DPT in the Tropics using ZM method. ZM method removes the seasonality associated with 300 
air temperature (Zhang et al. [2017]) and provide robust estimates.  301 
Our findings provide robust scaling estimates with which to understand the changes in 302 
extreme precipitation under a warmer climate. Though previous studies have examined the 303 
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relationship of extreme precipitation with temperature, the effects of seasonality in 304 
temperature have largely been neglected. We demonstrate here that conditional quantile 305 
methods (BT and QR) are not suitable for projecting long-term changes in daily extreme 306 
precipitation, especially in regions (like the Tropics) that show relatively low temperature 307 
variability throughout year and where extreme precipitation causes a large evaporative 308 
cooling effect or is associated with cold synoptic systems. Our results also show that scaling 309 
estimates using DPT are more consistent than using SAT.  310 
It is not straightforward to predict future changes to extreme precipitation using temperature 311 
scaling [Bao et al., 2018]. Our results show global scaling relationships with DPT that are 312 
largely consistent with C-C, and in some instances super-C-C, scaling. However, changes to 313 
atmospheric circulation patterns, such as the poleward movement and weakening of the jet 314 
with warming, or changes to vertical wind velocities may further increase (or decrease) these 315 
scaling rates [Ali & Mishra, 2018a; Pfahl et al., 2017]. Moreover, long-range moisture 316 
transports patterns [Roxy et al., 2017] associated with seasonality may affect changes in 317 
extreme precipitation as compared to the estimated changes by the thermodynamic scaling. 318 
Therefore, the contribution from thermodynamic (localized) and dynamic (large scale) factors 319 
[Ali and Mishra, 2018a] need to be estimated for the different climate zone. Additionally, 320 
sub-daily precipitation extremes in general show higher positive scaling than daily 321 
precipitation extremes with both DPT and SAT [Ali & Mishra, 2017; 2018b; Blenkinsop et 322 
al., 2015; Mishra et al. 2012]. We therefore recommend that although DPT scaling may 323 
provide an indication of thermodynamically-driven future changes in precipitation extremes, 324 
the effects of seasonality, changes to humidity and large-scale atmospheric circulation must 325 
be carefully evaluated to produce robust projections for different climatic regions.   326 
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Figure 1 (a) Scaling (dR95%/K) obtained using precipitation from daily GSOD with surface 465 
air temperature (SAT) using binning technique (BT) for 6903 locations with periods of 466 
different durations ranging between 1929-2017, (b) same as (a) but for dewpoint temperature, 467 
(c) stations (%) which show positive (red), negative (blue) and super C-C scaling (black) with 468 
SAT, and (d) same as (c) but for DPT. The numbers in the bottom left-hand corner of (a) and 469 
(b) show positive (red) and negative (blue) median scaling respectively, with the numbers in 470 
parentheses showing the percentage of locations with positive /negative scaling.  471 
Figure 2. Same as Figure 1 but using quantile regression (QR) method. 472 
Figure 3. Same as Figure 1 but using Zhang et al. [2017] (ZM) method. 473 
Figure 4 (a, c, and e) Median scaling obtained from daily GSOD with daily surface air 474 
temperature (SAT) using binning technique (BT), quantile regression (QR) and Zhang et al. 475 
[2017] (ZM) methods respectively for five different climatic zones (tropical, dry, temperate, 476 
continental and polar), and (b, d, and f) same as (a, c, and e) respectively but for daily 477 
dewpoint temperature (DPT). The whiskers show standard deviation in scaling within 478 
climatic zones.  479 
 480 
 481 
 482 
Confidential manuscript submitted to Geophysical Research Letters 
 
 
13 
 
 483 
Confidential manuscript submitted to Geophysical Research Letters 
 
 
14 
 
Figure 1 (a) Scaling (dR95%/K) obtained using precipitation from daily GSOD with surface 484 
air temperature (SAT) using binning technique (BT) for 6903 locations with periods of 485 
different durations ranging between 1929-2017, (b) same as (a) but for dewpoint temperature, 486 
(c) stations (%) which show positive (red), negative (blue) and super C-C scaling (black) with 487 
SAT, and (d) same as (c) but for DPT. The numbers in the bottom left-hand corner of (a) and 488 
(b) show positive (red) and negative (blue) median scaling respectively, with the numbers in 489 
parentheses showing the percentage of locations with positive /negative scaling.  490 
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Figure 2. Same as Figure 1 but using quantile regression (QR) method. 492 
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Figure 3. Same as Figure 1 but using Zhang et al. [2017] (ZM) method. 494 
 495 
Figure 4 (a, c, and e) Median scaling obtained from daily GSOD with daily surface air 496 
temperature (SAT) using binning technique (BT), quantile regression (QR) and Zhang et al. 497 
[2017] (ZM) methods respectively for five different climatic zones (tropical, dry, temperate, 498 
continental and polar), and (b, d, and f) same as (a, c, and e) respectively but for daily 499 
dewpoint temperature (DPT). The whiskers show standard deviation in scaling within 500 
climatic zones.  501 
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